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57 ABSTRACT

Embodiments of the disclosure provide systems and meth-
ods for performing motion transfer using a learning model.
An exemplary system may include a communication inter-
face configured to receive a first image including a first
movable object and a second image including a second
movable object. The system may also include at least one
processor coupled to the communication interface. The at
least one processor may be configured to extract a first set of
motion features of the first movable object from the first
image using a first encoder of the learning model and extract
a first set of static features of the second movable object
from the second image using a second encoder of the
learning model. The at least one processor may also be
configured to generate a third image by synthesizing the first
set of motion features and the first set of static features.
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1
SYSTEMS AND METHODS FOR
PERFORMING MOTION TRANSFER USING
A LEARNING MODEL

CROSS REFERENCE TO RELATED
APPLICATION

This application is a bypass continuation of International
Application No. PCT/CN2020/095755, filed on Jun. 12,
2020, entitled “SYSTEMS AND METHODS FOR PER-
FORMING MOTION TRANSFER USING A LEARNING
MODEL,” which is hereby incorporated by reference in its
entirety.

TECHNICAL FIELD

The present disclosure relates to systems and methods for
performing motion transfer using a learning model, and
more particularly to, systems and methods for synthesizing
a motion information of a first image with a static informa-
tion of a second image using a learning model.

BACKGROUND

Recent deep generative models have made great progress
in synthesizing images with arbitrary object (e.g., human
beings) motions and transferring motions of one object to
the others. However, existing approaches require generating
skeleton images using pose estimators and image processing
operations as an intermediary to form a paired data set with
the original images when making the motion transfer. The
pose estimator first finds the locations of person keypoints
and the image processing operation then connects person
keypoints to form a skeleton image. Since the image pro-
cessing operations, which involve drawing a line between
two points, are usually not differentiable, the learning net-
works used by existing methods cannot be trained in an
end-to-end manner. This reduces the availability and com-
patibility of the model and makes the model impractical in
many applications.

Moreover, existing approaches fail to leverage the feature
level motion and static information of the real image(s) and
synthesized image(s). This causes the model to generate
inaccurate motion information, making the model difficult to
generate suitable motions for the target. For example, the
motion information may vary if the limb ratio between the
target person and source person is different, e.g., an adult has
longer arms and legs than a child does. Besides that, the
distance between the person and camera would also alter the
ratio of the person displayed in the image.

Embodiments of the disclosure address the above prob-
lems by providing methods and systems for synthesizing a
motion information of a first image with a static information
of a second image using a learning model.

SUMMARY

Embodiments of the disclosure provide a system for
performing motion transfer using a learning model. An
exemplary system may include a communication interface
configured to receive a first image including a first movable
object and a second image including a second movable
object. The system may also include at least one processor
coupled to the interface. The at least one processor may be
configured to extract a first set of motion features of the first
movable object from the first image using a first encoder of
the learning model and extract a first set of static features of
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the second movable object from the second image using a
second encoder of the learning model. The at least one
processor may also be configured to generate a third image
by synthesizing the first set of motion features and the first
set of static features.

Embodiments of the disclosure also provide a method for
motion transfer using a learning model. An exemplary
method may include receiving, by a communication inter-
face, a first image including a first movable object and a
second image including a second movable object. The
method may also include extracting, by at least one proces-
sor, a first set of motion features of the first movable object
from the first image using a first encoder of the learning
model and extracting, by the at least one processor, a first set
of static features of the second movable object from the
second image using a second encoder of the learning model.
The method may further include generating, by the at least
one processor, a third image by synthesizing the first set of
motion features and the first set of static features.

Embodiments of the disclosure further provide a non-
transitory computer-readable medium storing instruction
that, when executed by one or more processors, cause the
one or more processors to perform a method for motion
transfer using a learning model. The method may include
receiving a first image including a first movable object and
a second image including a second movable object. The
method may also include extracting a first set of motion
features of the first movable object from the first image using
a first encoder of the learning model and extracting a first set
of static features of the second movable object from the
second image using a second encoder of the learning model.
The method may further include generating a third image by
synthesizing the first set of motion features and the first set
of static features.

It is to be understood that both the foregoing general
descriptions and the following detailed descriptions are
exemplary and explanatory only and are not restrictive of the
invention, as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates a schematic diagram of an exemplary
motion transfer system, according to embodiments of the
disclosure.

FIG. 2 illustrates a block diagram of an exemplary motion
transfer device, according to embodiments of the disclosure.

FIG. 3 illustrates a flowchart of an exemplary method for
motion transfer, according to embodiments of the disclosure.

FIG. 4 illustrates a schematic diagram of an exemplary
learning model for motion transfer, according to embodi-
ments of the disclosure.

FIG. 5 illustrates a flowchart of an exemplary method for
training the exemplary learning model, according to
embodiments of the disclosure.

FIG. 6 illustrates a schematic diagram illustrating training
of an exemplary learning model, according to embodiments
of the disclosure.

DETAILED DESCRIPTION

Reference will now be made in detail to the exemplary
embodiments, examples of which are illustrated in the
accompanying drawings. Wherever possible, the same ref-
erence numbers will be used throughout the drawings to
refer to the same or like parts.

FIG. 1 illustrates a schematic diagram of an exemplary
motion transfer system 100, according to embodiments of



US 11,830,204 B2

3

the disclosure. Consistent with the present disclosure,
motion transfer system 100 is configured to transfer motions
from one object to another (e.g., transfer the motion of an
object in an image 101 to an object in an image 102 received
from user device 160) based on a learning model (e.g., a
learning model 105) trained by model training device 120
using training data (e.g., a training image 103, a training
image 103' and a training image 104). The objects may be
movable objects, such as persons, animals, robots, and
animated characters, etc. In some embodiments, training
image 103 may include/depict the same object as that in
training image 103' (e.g., having similar static information
but different motion information), and training image 104
may include/depict an object different from the one in
training image 103 and training image 103'.

In some embodiments, motion transfer system 100 may
include components shown in FIG. 1, including a motion
transfer device 110, a model training device 120, a training
database 140, a database/repository 150, a user device 160,
and a network 170 to facilitate communications among the
various components. In some embodiments, motion transfer
system 100 may optionally include a display device 130 to
display the motion transfer result (e.g., a synthesized image
107). It is to be contemplated that motion transfer system
100 may include more or less components compared to
those shown in FIG. 1.

As shown in FIG. 1, motion transfer system 100 may
transfer the motion of a first object (e.g., a first human being)
included/depicted in image 101 to a second object (e.g., a
second human being, being the same or different from the
first human being) included/depicted in image 102 using
motion transfer device 110.

In some embodiments, motion transfer device 110 may
use a motion feature encoder to extract pose information of
the first object (e.g., generate keypoint map(s) representing
a probability that a keypoint exists at each pixel and part
affinity field of a body part of the first object) in image 101.
In some embodiments, motion transfer device 110 may
further use a static feature encoder to extract static infor-
mation of the second object (e.g., the appearance and
environment background) included/depicted in image 102.
In some embodiments, motion transfer device 110 may
additionally use an image generator for generating synthe-
sized image 107 using the pose information of the first object
and the static information of the second object. In some
embodiments, the motion transfer operations may be per-
formed based on learning model 105, trained by model
training devise 120. In some embodiments, motion transfer
system 100 may display the motion transfer result (e.g.,
synthesized image 107) on display device 130. In some
embodiments, when a learning model (e.g., learning model
105) is pre-trained for motion transfer, motion transfer
system 100 may include only motion transfer device 110,
database/repository 150, and optionally display device 130
to perform motion transfer related functions.

Motion transfer system 100 may optionally include net-
work 170 to facilitate the communication among the various
components of motion transfer system 100, such as data-
bases 140 and 150, devices 110, 120 and 160. For example,
network 170 may be a local area network (LAN), a wireless
network, a personal area network (PAN), metropolitan area
network (MAN), a wide area network (WAN), etc. In some
embodiments, network 170 may be replaced by wired data
communication systems or devices.

In some embodiments, the various components of motion
transfer system 100 may be remote from each other or in
different locations and be connected through network 170 as
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shown in FIG. 1. In some alternative embodiments, certain
components of motion transfer system 100 may be located
on the same site or inside one device. For example, training
database 140 may be located on-site with or be part of model
training device 120. As another example, model training
device 120 and motion transfer device 110 may be inside the
same computer or processing device.

Consistent with the present disclosure, motion transfer
system 100 may store images including a movable object
(e.g., a human being, an animal, a machine with different
moving parts, or an animated character, etc.). For example,
images 103 and 103' including/depicting the same object
with different motion information. In some embodiments, an
image 104 including/depicting an object different from the
object in images 103 and 103' may also be stored in training
database 140. On the other hand, target and source images
for transferring of motions (e.g., images 101 and 102) may
be stored in database/repository 150.

The various images (e.g., images 101, 102, 103, 103' and
104) may be images captured by user device 160 such as a
camera, a smartphone, or any other electronic device with
photo capturing functions, etc. The images may be created/
generated by user device 160 using image processing pro-
grams or software, e.g., when the object is an animated
character. In some embodiments, the images can be a frame
extracted from an image sequence in a video clip. The object
included/depicted in each image can be any suitable object
capable of moving (i.e., capable of transferring a motion
to/or from) such as a robot, a machine, a human being, an
animal, etc.

In some embodiments, training database 140 may store
training images 103 and 103' including/depicting the same
object, and training image 104 including/depicting a differ-
ent object. In some embodiments, training images 103 and
103' may have similar/the same static information (e.g.,
objects with same appearance but depict from different
angles, and/or different background), but different motion
information (e.g., different pose and/or location informa-
tion). Training image 104 may have different static infor-
mation and motion information than either training image
103 or 103'. In some embodiments, training images 103 or
103' may be used for training learning model 105 based on
minimizing a joint loss. In some embodiments, training
image 104 may be used as a support image for further
improving the generalization ability of learning model 105
by further adding a support loss to the joint loss.

In some embodiments, learning model 105 may have an
architecture that includes multiple sub-networks (e.g., a
motion feature encoder, a static feature encoder and an
image generator). Each sub-network may include multiple
convolutional blocks, residual blocks and/or transposed con-
volution blocks for performing functions such as extracting
feature vectors (e.g., representing the motion features and/or
the static features) and generating images (e.g., synthesizing
the motion features and the static features extracted from
different images). For example, the motion feature encoder
may include a pose estimator (e.g., a pre-trained VGG-19
network), a keypoint amplifier, and a motion refiner network
(e.g., a network having residual blocks) for extracting the
motion features. In an example, the static feature encoder
may include convolutional blocks with down-sampling
modules, and some residual blocks (e.g., 3 convolutional
blocks with down-sampling modules and 5 residual blocks)
for extracting the static features. In another example, the
image generator may include residual blocks and transposed
convolution blocks (e.g., 4 residual blocks and 3 transposed
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convolution blocks) for generating the output image (e.g.,
synthesized image 107) in the same size as the input images
(e.g., images 101 and 102).

In some embodiments, the model training process is
performed by model training device 120. It is contemplated
that some of the sub-networks of learning model may be
pretrained, e.g., ahead of time before the rest parts of the
learning model are trained. For example, pose estimator 106
may be pretrained either by model training device 120 or by
another device and provided to model training device 120.
For example, model training device 120 may receive pre-
trained pose estimator 106 through network 107, instead of
training it jointly with the rest of learning model 105. In
some embodiments, pose estimator 106 may be trained for
extracting human pose information by estimating keypoints
of' a human body (e.g., the PoseNet vision model). In some
other embodiments, pose estimator 106 may also be trained
with specifically designed training set for exacting pose
information of living creatures other than a human being
(e.g., an animal), a machine capable of moving (e.g., a robot,
a vehicle, etc.), or an animated character.

As used herein, “training” a learning model refers to
determining one or more parameters of at least one layer of
a block in the learning model. For example, a convolutional
layer of the static feature encoder may include at least one
filter or kernel. One or more parameters, such as kernel
weights, size, shape, and structure, of the at least one filter
may be determined by e.g., an adversarial-based training
process. Consistent with some embodiments, learning model
105 may be trained based on supervised, semi-supervised, or
non-supervised methods.

As show in FIG. 1, motion transfer device 110 may
receive learning model 105 from model training device 120.
Motion transfer device 110 may include a processor and a
non-transitory computer-readable medium (not shown). The
processor may perform instructions of a motion transfer
process stored in the medium. Motion transfer device 110
may additionally include input and output interfaces to
communicate with database/repository 150, user device 160,
network 170 and/or a user interface of display device 130.
The input interface may be used for selecting an image (e.g.,
image 101 and/or 102) for motion transfer. The output
interface may be used for providing the motion transfer
result (e.g., synthesized image 107) to display device 130.

Model training device 120 may communicate with train-
ing data base 140 to receive one or more set of training data
(e.g., training images 103, 103' and 104), and may receive
pretrained pose estimator 106 through network 107. Each set
of the training data may include training images 103 and
103" including/depicting the same object with different
motion information, and training image 104 including/de-
picting a different object. Model training device 120 may use
each training data set received from training database 140 to
train learning model 105 (the training process is described in
greater detail in connection with FIGS. 5 and 6 below).
Model training device 120 may be implemented with hard-
ware specially programmed by software that performs the
training process. For example, model training device 120
may include a processor and a non-transitory computer-
readable medium (not shown). The processor may conduct
the training by performing instructions of a training process
stored in the computer-readable medium. Model training
device 120 may additionally include input and output inter-
faces to communicate with training database 140, network
170, and/or a user interface (not shown). The user interface
may be used for selecting sets of training data, adjusting one
or more parameters of the training process, selecting or
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modifying a framework of learning model 105, and/or
manually or semi-automatically providing training images.

In some embodiments, motion transfer system 100 may
optionally include display 130 for displaying the motion
transfer result, e.g., synthesized image 107. Display 130
may include a display such as a Liquid Crystal Display
(LCD), a Light Emitting Diode Display (LED), a plasma
display, or any other type of display, and provide a Graphical
User Interface (GUI) presented on the display for user input
and data depiction. The display may include a number of
different types of materials, such as plastic or glass, and may
be touch-sensitive to receive inputs from the user. For
example, the display may include a touch-sensitive material
that is substantially rigid, such as Gorilla Glass™, or sub-
stantially pliable, such as Willow Glass™. In some embodi-
ments, display 130 may be part of motion transfer device
110.

FIG. 2 illustrates a block diagram of an exemplary motion
transfer device 110, according to embodiments of the dis-
closure. In some embodiments, as shown in FIG. 2, motion
transfer device 110 may include a communication interface
202, a processor 204, a memory 206, and a storage 208. In
some embodiments, motion transfer device 110 may have
different modules in a single device, such as an integrated
circuit (IC) chip (e.g., implemented as an application-spe-
cific integrated circuit (ASIC) or a field-programmable gate
array (FPGA)), or separate devices with dedicated functions.
In some embodiments, one or more components of motion
transfer device 110 may be located in a cloud or may be
alternatively in a single location (such as inside a mobile
device) or distributed locations. Components of motion
transfer device 110 may be in an integrated device or
distributed at different locations but communicate with each
other through a network (not shown). Consistent with the
present disclosure, motion transfer device 110 may be con-
figured to synthesize motion information (e.g., motion fea-
tures of the object) extracted from image 101 with static
information (e.g., static features of the object) extracted
from image 102, and generate synthesized image 107 as an
output.

Communication interface 202 may send data to and
receive data from components such as database/repository
150, user device 160, model training device 120 and display
device 130 via communication cables, a Wireless Local Area
Network (WLAN), a Wide Area Network (WAN), wireless
networks such as radio waves, a cellular network, and/or a
local or short-range wireless network (e.g., Bluetooth™), or
other communication methods. In some embodiments, com-
munication interface 202 may include an integrated service
digital network (ISDN) card, cable modem, satellite modem,
or a modem to provide a data communication connection. As
another example, communication interface 202 may include
a local area network (LAN) card to provide a data commu-
nication connection to a compatible LAN. Wireless links can
also be implemented by communication interface 202. In
such an implementation, communication interface 202 can
send and receive electrical, electromagnetic or optical sig-
nals that carry digital data streams representing various
types of information.

Consistent with some embodiments, communication
interface 202 may receive learning network 105 from model
training device 120, and images 101 and 102 to be processed
from database/repository 150. Communication interface 202
may further provide images 101 and 102 and learning model
105 to memory 206 and/or storage 208 for storage or to
processor 204 for processing.
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Processor 204 may include any appropriate type of gen-
eral-purpose or special-purpose microprocessor, digital sig-
nal processor, or microcontroller. Processor 204 may be
configured as a separate processor module dedicated to
motion transfer, e.g., synthesizing motion information of a
first object extracted from one image with static information
of a second object extracted from another image using a
learning model. Alternatively, processor 204 may be con-
figured as a shared processor module for performing other
functions in addition to motion transfer.

Memory 206 and storage 208 may include any appropri-
ate type of mass storage provided to store any type of
information that processor 204 may need to operate.
Memory 206 and storage 208 may be a volatile or non-
volatile, magnetic, semiconductor, tape, optical, removable,
non-removable, or other type of storage device or tangible
(i.e., non-transitory) computer-readable medium including,
but not limited to, a ROM, a flash memory, a dynamic RAM,
and a static RAM. Memory 206 and/or storage 208 may be
configured to store one or more computer programs that may
be executed by processor 204 to perform functions disclosed
herein. For example, memory 206 and/or storage 208 may
be configured to store program(s) that may be executed by
processor 204 to transfer motion based on images 101 and
102.

In some embodiments, memory 206 and/or storage 208
may also store intermediate data such as keypoint heatmaps,
part affinity fields of body parts of the object, extracted
motion features, and extracted static features, etc. Memory
206 and/or storage 208 may additionally store various
sub-learning models (e.g., sub-networks included in learning
model 105) including their model parameters and model
configurations, such as pre-trained pose estimator 106 (e.g.,
a pre-trained VGG-19 network), the motion feature extract-
ing blocks (e.g., motion feature encoder) including the
keypoint amplifier, the motion refiner, the static feature
extracting blocks (e.g., and static feature encoder), and the
image generator blocks, etc.

As shown in FIG. 2, processor 204 may include multiple
modules, such as a motion feature extraction unit 240, a
static feature extraction unit 242, and an image generation
unit 244, and the like. These modules (and any correspond-
ing sub-modules or sub-units) can be hardware units (e.g.,
portions of an integrated circuit) of processor 204 designed
for use with other components or software units imple-
mented by processor 204 through executing at least part of
a program. The program may be stored on a computer-
readable medium, and when executed by processor 204, it
may perform one or more functions. Although FIG. 2 shows
units 240-244 all within one processor 204, it is contem-
plated that these units may be distributed among different
processors located closely or remotely with each other.

In some embodiments, units 240-244 of FIG. 2 may
execute computer instructions to perform the motion trans-
fer. For example, FIG. 3 illustrates a flowchart of an exem-
plary method 300 for motion transfer, according to embodi-
ments of the disclosure. Method 300 may be implemented
by motion transfer device 110 and particularly processor 204
or a separate processor not shown in FIG. 2 using learning
model 105. Method 300 may include steps S302-S310 as
described below. It is to be appreciated that some of the steps
may be performed simultaneously, or in a different order
than shown in FIG. 3.

In step S302, communication interface 202 may receive
images 101 and 102 acquired/generated by user device 160
from database/repository 150. In some embodiments, user
device 160 may acquire/generate an image including/depict-
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ing an object by using a camera. For example, user device
160 may be a smart phone with a camera configured to take
pictures or sequence of pictures (e.g., a video clip). The
object may be a living creature (e.g., an animal, a human,
etc.) or a machine capable of moving (e.g., arobot, a vehicle,
etc.). User device 160 may also generate the image of the
object (e.g., an animated character) using image/photo pro-
cessing software. For example, image 101 and/or 102 may
be an image being part of a drawn figure or a sequence of
drawn figures (e.g., an animation clip). Database/repository
150 may store the images and transmit the images to
communication interface 202 for motion transfer.

In step S304, motion feature extraction unit 240 may
extract motion features (i.e., pose information and location)
of a first object included/depicted in image 101 (also
referred to as source image X,) using a motion feature
encoder. For example, FIG. 4 illustrates a schematic diagram
of exemplary learning model 105 for motion transfer,
according to embodiments of the disclosure. In the shown
embodiments, learning model 105 may include a motion
feature encoder 410, a static feature encoder 420, and an
image generator 430.

In some embodiments, as shown in FIG. 4, motion feature
encoder 410 may include a pose estimator 412 (e.g., pre-
trained pose estimator 106), a keypoint amplifier 414 and a
motion refiner 416. For example, pose estimator 412 may
extract keypoint heatmaps

he R =x

oo|
| §

of the object representing a probability that a keypoint exists
at each pixel, and part affinity fields

pe R38>< x

|
| J

of different body parts of the object showing the orientation
of the body part. In some embodiments, p may have 38
(19x2) channels, and can be a set of 2D vectors indicating
the location and orientation by x-y coordinates for each
channel of the keypoint heatmap h. In some embodiments,
the generated keypoint heatmap h may only keep the first 18
of total 19 channels and discard the last channel (e.g., the
heatmap of the background). Both h and p may be down-
sampled multiple times in order to reduce the size of the
image. For example, both h and p may be downsampled in
half for 3 times, resulting in an image 4> the size of the
original input images (e.g., images 101 and 102). In some
embodiments, the keypoints may correspond to joints of the
object, such as elbows, wrists, etc. of a human being.

In some embodiments, keypoint amplifier 414 may
denoise the extracted keypoint heatmap values and obtain
the amplified the keypoint heatmap h'. For example, key-
point amplifier 414 may apply a softmax function with a
relatively small temperature T as the keypoint amplifier to
the keypoint heatmap h according to equation (1):

1 (68)
W= softmax(— -h)
T
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For example, T can be set as 0.01 such that the gap between
large values and small values in the keypoint heatmap h can
be enlarged. This can reduce the effect caused by the noise.

In some embodiments, motion refiner 416 may generate
the encoded motion feature vector M(x,) representing the
motion feature of the object based on refining both the part
affinity fields p and the amplified keypoint heatmaps h'. For
example, motion refiner 416 may include 5 residual blocks.
Accordingly, the motion features extracted from pose esti-
mator 412 may be refined such that the influence caused by
different body part ratios (e.g., limb ratios) and/or camera
angles and/or distances can be reduced.

In step S306, static feature extraction unit 420 may extract
static features S(x,) (e.g., appearance and environment back-
ground) of a second object included in image 102 (also
referred to as target image X,). In some embodiments, static
feature extraction unit 420 may apply a static encoder 420
for extracting the background, the appearance, etc., of the
second object. For example, static encoder 420 may include
3 convolutional blocks with down-sampling modules and 5
residual blocks.

In step S308, image generation unit 244 may generate
synthesized image 107 by synthesizing the motion features
M(x,) extracted from image 101 and the static features S(x,)
extracted from image 102. For example, image generation
unit 244 may apply an image generator 430 to M(x,) and
S(x,) according to equation (2):

Xy G(S(0),M(x,)), @

where G(*) represents a function performed by image gen-
erator 430 and x,,, represents synthesized image 107. In
some embodiments, image generator 430 may include 4
residual blocks and 3 transposed convolution blocks such
that the output of image generator 430 (e.g., synthesized
image 107) may have the same size as that of the input
images (e.g., image 101 and/or 102).

In step S310, the output of image generator 430 (e.g.,
synthesized image 107) may be transmitted to display device
130 for display.

In some embodiments, learning model 105 may be trained
by model training device 120 before being used by motion
transfer device 110 for motion transfer. For example, FIG. 5
illustrates a flowchart of an exemplary method 500 for
training learning model 105, according to embodiments of
the disclosure. Method 500 may be implemented by model
training device 120 for training learning model 105. Method
500 may include steps S502-S518 as described below. It is
to be appreciated that some of the steps may be performed
simultaneously, or in a different order than shown in FIG. 5.

In some embodiments, learning model 105 may be trained
using training images 103 (e.g., including a target object x,)
and 103' (e.g., including a source object x,) that include a
same object (e.g., target object x, and source object x, being
a same movable object in the training images) in the same
environment (e.g., same place, same lighting condition, etc.)
with different motion information. In some embodiments,
images 103 and 103' may be extracted from the same video
clip. As the same object in images 103 and 103' may have
similar static information (e.g., having the same appearance,
but different in camera angles for taking the appearance
and/or having different backgrounds in images 103 and
103", i.e., S(x,) =S(x,), learning model 105 may be trained
on premises that the motion features extracted from the
synthesized image may be a reconstruction of (e.g., approxi-
mately equals to) the motion features extracted from image
103, ie., M(x,,,)=M(x,).
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In some embodiments, model training device 120 may
further adopt a support group during the training, to further
improve the generalization ability/performance and stability
of learning model 105. The support group may include an
image (e.g., image 104) depicting an object different from
that in images 103 and 103' to train learning model 105.

Specifically, as illustrated in FIG. 5, in step S502, model
training device 120 may receive training images 103 and
103’ that include/depict a same object in the same environ-
ment with different motion information. For example, FIG.
6. illustrates a schematic diagram illustrating training an
exemplary learning model 105, according to embodiments
of the disclosure. As illustrated in FIG. 6, image 103 may
include a target object x, (e.g., target person x,) and image
103' may include a source object x, (e.g., source person X,).
The background of each image is not shown in FIG. 6 for
simplification and illustrative purposes. In some embodi-
ments, to train learning model 105, images 103 and 103' are
selected such that target person X, and source person X, are
the same person in the same environment. Accordingly,
images 103 and 103' may have similar/same static informa-
tion (e.g., having the same appearance, but different in
camera angles for taking the appearance and/or having
different backgrounds in images 103 and 103"), ie.,
S(x,)=8(x,). However, the same person may have different
gestures or movements so that images 103 and 103' may
contain different motion information.

In step S504, the motion features M(x,) of source person
X,, and the static features S(x,) of the target person x,, are
extracted from images 103' and 103 respectively, using
motion feature encoder 410 and static feature encoder 420 of
learning model 105, similar to steps S304 and S306 in
method 300.

In step S506, a synthesized image (e.g., including/depict-
ing a synthesized object x,,, synthesized based on the
motion features of x; and the static features of x,) may be
generated using image generator 430 of learning model 105,
similar to step S308 in method 300.

In step S508, motion features and static features of
synthesized object x,,, M(x,,) and S(x,) may be
extracted from the synthesized image using motion feature
encoder 410 and static feature encoder 420 of learning
model 105 respectively, similar to steps S304 and S306 in
method 300.

In step S510, model training device 120 may implement
an adversarial-based training approach. In some embodi-
ments, model training device 120 may calculate an adver-
sarial loss L, to discern image 103' (e.g., including/depict-
ing the source object x,) and the synthesized image (e.g.,
including/depicting the synthesized object x,). For
example, model training device 120 may apply an image
discriminator D to discern between the real sample source
object x; and the synthesized object x_,,,, conditioned on the
motion features M(x,) extracted from the source image
(image 103"). In some embodiments, image discriminator D
may take image 103' as a real sample labeled with 1 and the
synthesized image as a fake sample labeled with O, where
D(x,, M(x,))=1 and D(x,,, M(x,))=0. For example, the

adversarial loss can be calculated according to equations (3),

(4) and (5):
L~ L 3
where
L =log D M), @

L —log(1-Dix,,, M), ®)
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In some embodiments, image discriminator D may be a
multi-scale discriminator D=(D,, D,). In some embodi-
ments, a discriminator feature matching loss L, may be
calculated. In some embodiments, the discriminator feature
matching loss L, may be calculated based on a weighted
sum of multiple feature losses from each of the different
layers of image discriminator D. For example, image dis-
criminator D may include 5 different layers and discrimi-
nator feature matching loss L ;, may be the weighted sum of
a L, distance between the corresponding features of x, and
X,,,, at each layer of image discriminator D.

In step S512, model training device 120 may calculate
feature-level consistency losses indicative of a difference
between features extracted from the synthesized image (e.g.,
the motion features and the static features) and the corre-
sponding features extracted from images 103 and 103'. This
may insure that the synthesized object (e.g., X,,) has the
same static features of the target object (e.g., X, from image
103) and the same motion features as the source object (e.g.,
X, from image 103"). For example, model training device 120
may calculate a motion consistency loss L, indicating a
difference (e.g., a L, distance) between the motion features
extracted from the synthesized image and the motion fea-
tures extracted from image 103'. Similarly, model training
device 120 may calculate a static consistency loss L.
indicating a difference (e.g., a L, distance) between the static
features extracted from the synthesized image and the static
features extracted from image 103. For example, the motion
consistency loss and the static consistency loss can be
calculated according to equations (6) and (7):

L 1M, )-ME s ©

L5605 ™

In step S514, model training device 120 may calculate a
perpetual loss L, based on image 103" and the synthesized
image. In some embodiments, the perpetual loss may be
calculated using a pre-trained deep convolutional network
for object recognition (e.g., a VGG network). The perpetual
loss may be added to the full object to improve the stability
and quality of the training.

In step S516, model training device 120 may further
calculate a support loss based on a support set. In some
embodiments, the support set may include images of differ-
ent objects as the source object for training, e.g., image 104
including an object different from that of images 103 and
103'. Images in the support set provide many kinds of unseen
motions and various static information. In some embodi-
ments, a support loss L,,, may be calculated using the
support set (e.g., image 104) as a target image (e.g., includ-
ing a target object).

When training with the support set, because the objects
included in the target image x, and the source image X, are
different, they do not share the same static features, i.e.,
S(x)=S(x,). Meanwhile, the synthesized image x,,, obtained
based on the support set may not be a reconstruction of the
source image x,. Accordingly, when calculating the support
loss L,,,, the ground truth image of the target object
performing the motion of the source object is not available.
Thus, L*, 4, Ls, and L,,,,, for calculating the support loss
L,,, are not available. In some embodiments, the support
loss L, may include a feature-level consistency loss L.
indicative of a difference between the motion features
extracted from the synthesized image and the motion fea-
tures extracted from source image 103'. In some embodi-
ments, the support loss may further include a feature-level
consistency loss L. indicative of a difference between the
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static features extracted from the synthesized image and the
static features extracted from target image 103. In some
embodiments, the support loss may also include a negative
adversarial loss L., determined based on the image 103'
and the synthesized image. In some embodiments, the
support loss L,,,, may be calculated as a weighted sum of
L. L,.andL" ;.

In step S518, model training device 120 may train learn-
ing model 105 by jointly training the sub-networks of
learning model 105 (e.g., jointly training keypoint amplifier
414, motion refiner network 416, static feature encoder 420
and image generator 430) based on minimizing the joint
loss. In some embodiments, pre-trained pose estimator 106
may remain the same throughout the optimization process.
For example, model training device 120 may minimize a
joint loss L, that includes some or all of the losses
calculated above. In some embodiments, the joint loss L,
may be a weighted sum of L,,;,, L, L, L. and L... For
example, the joint loss L;,, may be calculated according to
equation (8):

L

il adn ™ advtMpn L ﬁn+}\‘per‘C perthone ™ et
L. ®
where A, Ajs Mpers My and A are the weights assigned

for the respective losses, as calculated in previous steps. In
some embodiments, the weights may be selected to reflect
the relative importance of the respective losses. For
example, A4, Agp A s M, and A may be set to 1, 10, 10,
0.1, 0.01 respectively.

In some embodiments, the support loss L, calculated in
step S518 may be added to the joint loss in order to improve
the generalization ability of learning model 105. For
example, when training learning model 105, the support loss
L, may be calculated as a weighted sum of L, L,,. and
L~ according to equation (9) and be added to the joint loss
L.; of equation (8):

L

Lo
where A, A,,., and A, are the weights for L

ses Lme and
L~ . respectively and A, represents the weight assigned to
support loss L, when calculating the joint loss L, ;. For
example, the weight A, can be set to 0.001 while other
weights may remain the same as for calculating the overall
objective joint loss L.

Another aspect of the disclosure is directed to a non-
transitory computer-readable medium storing instruction
which, when executed, cause one or more processors to
perform the methods, as discussed above. The computer-
readable medium may include volatile or non-volatile, mag-
netic, semiconductor, tape, optical, removable, non-remov-
able, or other types of computer-readable medium or
computer-readable storage devices. For example, the com-
puter-readable medium may be the storage device or the
memory module having the computer instructions stored
thereon, as disclosed. In some embodiments, the computer-
readable medium may be a disc or a flash drive having the
computer instructions stored thereon.

It will be apparent to those skilled in the art that various
modifications and variations can be made to the disclosed
system and related methods. Other embodiments will be
apparent to those skilled in the art from consideration of the
specification and practice of the disclosed system and related
methods.

It is intended that the specification and examples be
considered as exemplary only, with a true scope being
indicated by the following claims and their equivalents.

L L ©
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What is claimed is:

1. A system for performing motion transfer using a
learning model, comprising:

a communication interface configured to receive a first
image including a first movable object and a second
image including a second movable object; and

at least one processor coupled to the communication
interface and configured to:
extract a first set of motion features of the first movable

object from the first image using a first encoder of the
learning model;
extract a first set of static features of the second
movable object from the second image using a
second encoder of the learning model; and
generate a third image by synthesizing the first set of
motion features and the first set of static features.

2. The system of claim 1, wherein the first encoder of the
learning model includes a pretrained pose estimator config-
ured to extract pose information of the first movable object
and a motion refiner configured to generate a motion feature
vector representing the first set of motion features.

3. The system of claim 2, wherein to extract the first set
of motion features from the first image, the pretrained pose
estimator is further configured to:

determine a keypoint heatmap representing a probability
that a keypoint exists at each pixel; and

determine a part affinity field of a body part of the first
movable object.

4. The system of claim 3, wherein to extract the first set
of motion features from the first image, the first encoder
further includes a keypoint amplifier configured to amplify
the keypoint heatmap.

5. The system of claim 4, wherein to generate the motion
feature vector, the motion refiner is further configured to:

refine the amplified keypoint heatmap and the part affinity
field.

6. The system of claim 1, wherein the learning model is
trained using a joint loss comprising an adversarial loss and
at least one feature-level consistency loss.

7. The system of claim 6, wherein the adversarial loss is
determined by applying an image discriminator to discern
between the first image and the third image, conditioned on
the first set of motion features extracted from the first image.

8. The system of claim 7, wherein the image discriminator
comprises multiple layers, and wherein the joint loss further
comprises:

a discriminator feature matching loss indicative of a
weighted sum of differences between corresponding
features of the first image and the third image at each
layer of the image discriminator.

9. The system of claim 6, wherein the at least one

feature-level consistency loss further comprises:

a first feature-level consistency loss indicative of a dif-
ference between a second set of motion features
extracted from the third image and the first set of
motion features extracted from the first image; and

a second feature-level consistency loss indicative of a
difference between a second set of static features
extracted from the third image and the first set of static
features extracted from the second image.

10. The system of claim 6, wherein the joint loss further

comprises:

a perceptual loss determined based on applying a pre-
trained deep convolutional network for object recog-
nition to the first and the third images.
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11. The system of claim 1, wherein the learning model is
trained using a support set including a fourth image includ-
ing a third movable object different from the first object or
the second object.

12. The system of claim 11, wherein the learning model
is trained using a support loss determined based on the
fourth image, wherein the support loss comprises:

a third feature-level consistency loss indicative of a
difference between a third set of motion features
extracted from the fourth image and the first set of
motion features extracted from the first image;

a fourth feature-level consistency loss indicative of a
difference between a third set of static features
extracted from the fourth image and the first set of static
features extracted from the second image; and

a negative adversarial loss determined based on the first
image and the fourth image.

13. The system of claim 12, wherein the support loss is a
weighted sum of the third feature-level consistency loss, the
fourth feature-level consistency loss, and the negative adver-
sarial loss.

14. A method for motion transfer using a learning model,
comprising:

receiving, by a communication interface, a first image
including a first movable object and a second image
including a second movable object;

extracting, by at least one processor, a first set of motion
features of the first movable object from the first image
using a first encoder of the learning model;

extracting, by the at least one processor, a first set of static
features of the second movable object from the second
image using a second encoder of the learning model;
and

generating, by the at least one processor, a third image by
synthesizing the first set of motion features and the first
set of static features.

15. The method of claim 14, further comprising:

determining a keypoint heatmap representing a probabil-
ity that a keypoint exists at each pixel; and

determining a part affinity field of a body part of the first
movable object.

16. The method of claim 15, further comprising:

amplifying the keypoint heatmap using an amplifier; and

generating a motion vector representing the first set of
motion features based on refine the amplified keypoint
heatmap and the part affinity field.

17. The method of claim 14, wherein the learning model
is trained using a joint loss comprising an adversarial loss
and at least one feature-level consistency loss.

18. The method of claim 17, wherein the at least one
feature-level consistency loss further comprises:

a first feature-level consistency loss indicative of a dif-
ference between a second set of motion features
extracted from the third image and the first set of
motion features extracted from the first image; and

a second feature-level consistency loss indicative of a
difference between a second set of static features
extracted from the third image and the first set of static
features extracted from the second image.

19. The method of claim 14, wherein the learning model
is trained using a support set including a fourth image
including a third movable object different from the first
object or the second object.

20. A non-transitory computer-readable medium storing
instructions that, when executed by one or more processors,
cause the one or more processors to perform a method for
motion transfer using a learning model, comprising:
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receiving a first image including a first movable object
and a second image including a second movable object;

extracting a first set of motion features of the first movable
object from the first image using a first encoder of the
learning model;

extracting a first set of static features of the second
movable object from the second image using a second
encoder of the learning model; and

generating a third image by synthesizing the first set of
motion features and the first set of static features.
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